Abstract-A new approach of digital relays for transmission line protection is presented. The proposed technique consists of a preprocessing module based on discrete wavelet transforms (DWTs) in combination with an artificial neural network (ANN) for detecting and classifying fault events. The DWT acts as an extractor of distinctive features in the input signals at the relay location. This information is then fed into an ANN for classifying fault conditions. A DWT with quasioptimal performance for the preprocessing stage is also presented.
Wavelet-Based ANN Approach for Transmission Line Protection

I. INTRODUCTION
A LTHOUGH traditional digital protective relay algorithms have been proven to be greatly reliable in actual power systems, better performance is required in deregulated power systems due to increased standards of quality of service. Traditional digital protective relays present several drawbacks. For instance, they are usually based on algorithms that estimate the fundamental component of the current and voltage signals neglecting higher frequency transient components. Moreover, phasor estimation requires a sliding-window of a cycle that may cause a significant delay. Furthermore, accuracy is not assured.
During the last decade, digital protective relaying of transmission lines has greatly benefited from the development of artificial intelligence techniques [1] , and more recently, from new signal processing techniques such as the discrete wavelet transform (DWT) [2] . As opposed to conventional techniques, the DWT takes advantage of the valuable information contained in the fast transient components of the voltage and current signals. A combination of these approaches for transformer protection has recently been proposed in [3] . In this letter, a preprocessing module based on DWT in combination with artificial neural networks (ANNs) are used for the detection, analysis, and classification of faults events.
II. SIMULATION OF FAULTED TRANSMISSION SYSTEM
A system with two generators and three lines (distributed parameters model) has been simulated (see Fig. 1 ) using the ATP-EMTP software. The line protected is the central one (Line BC). The location of the relay is at bus B.
Extensive series of simulation studies has been carried out to obtain fault transient signals for subsequence analysis. Simulations include ten different type of faults at 20-, 40-, 60-, 80-, and 90-km distances from the beginning of each line, several fault The proposed fault detection scheme is as follows: input signals are preprocessed by a DWT extracting information from the transient signals simultaneously in both time and frequency domains. The output signal of the preprocessing module is then fed into an ANN that classifies the transient. The DWT considerably simplifies the input signal of the ANN; it reduces the volume of input data of the ANN without loss of information. This dramatically reduces the training stage in the ANN and increases the overall performance of the digital relay.
A. DWT Selection
Wavelet transforms are fast and efficient means of analyzing transient voltage and current signals. The wavelet transform not only decomposes a signal into frequency bands, but also, unlike the Fourier transform, provides a nonuniform division of the frequency domain (i.e., the wavelet transform uses short windows at high frequencies and long windows for low frequency components). Wavelet analysis deals with expansion of functions in terms of a set of basis functions (wavelets) which are generated from a mother wavelet by operations of dilatations and translations [4] .
A wavelet transform is defined by a sequence of functions (low-pass filter) and (high-pass filter . These wavelets can be expressed as functions of two parameters and [4] The choice of a suitable wavelet plays an important role in analyzing fault transients. By varying parameters and in the above equations, a family of length-6 wavelets can be generated. In Fig. 1 , and for a certain range of variation of these parameters, the generated wavelets are classified according to their performance for this particular application. For instance, wavelets with good characteristics of continuity or derivability are marked with " " or " ," respectively. Haar and Daubechies wavelets are also identified in Fig. 2 . The parameters for the length-6 wavelet with quasioptimal performance are and . For these values, the following sequence is obtained: , ,
. The scaling function and wavelet are displayed in Fig. 3 . 
B. Artificial Neural Network
Three independent multilayer (two hidden-layers), feed-forward neural networks have been used for detection, classification, and location of fault transients. Number of neurons has been optimized by neglecting very low coefficients. The input data of the ANN are organized in a sliding-window of a quarter of cycle (5 ms, eight samples of currents and voltages). The DWT splits the signal in details and broad signals, each with 16 coefficients per cycle. Therefore, a detail signal sliding-window has four coefficients. The ANNs are fed with the six detail signals (three currents and three voltages); thus, the input vector has 24 elements. The detection ANN has one output neuron which indicates the existence of a fault. The location net has one neuron that indicates if the fault has occurred in the protected zone. The classification ANN output layer has four neurons indicating which phases (A, B, C) or ground are involved in the fault event. An error backpropagation algorithm has been used for training the ANN. A total of 3800 simulations were generated, half of them were used for training, and the other half for testing. In Fig. 4 , it is shown the evolution of the three phase currents of a single phase to ground fault at 20 km of point B.
The current signal of the faulted phase, the detail, and the broad signal are displayed in Fig. 5 . It can be observed that the detail signal clearly shows distinctive features of the transient (i.e., immediately after the fault occurrence, several sharp spikes appear in the detail signal indicating the occurrence of a fault).
Regarding the ANN performance, a 100% success was obtained within the detection ANN; the errors in the classification and location ANN were under 1%.
III. CONCLUSIONS
The ability of wavelets to decompose the signal into frequency bands (multiresolution) in both time and frequency allows accurate fault detection. The proposed wavelet has proved optimal performance within the tested faults. The ANNs correctly classify the fault with advantages in accuracy and speed upon classical algorithms. A faster response is obtained since only a quarter of cycle from the occurrence of the fault is required.
